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Moving Object Detection Algorithm
Based on Improved Gaussian Mixture Model
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[Abstract] Moving objects can be converted into background ones by Gaussian Mixture Model(GMM) when they might be staying still in the
scene for an uncertain time. Therefore, a new method based on improved GMM is proposed. To obtain complete objects, a background learning
parameter is introduced to update the model according to the detection result in previous frame. Moreover, the information of 8-adjacent connection

area is utilized to suppress noises and improve its stability in the complex environment. Several experiments are implemented and the results

demonstrate its effectiveness in detecting the moving objects which stay briefly in the complicated condition.
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